Multi-criteria decision making approach is one of the most troublesome tools for solving the tangled optimization problems in the machining area due to its capability of solving the complex optimization problems in the production process. Turning is widely used in the manufacturing processes as it offers enormous advantages like good quality product, customer satisfaction, economical and relatively easy to apply. A contemporary approach, MOORA coupled with PCA, was used to ascertain an optimal combination of input parameters (spindle speed, depth of cut and feed rate) for the given output parameters (power consumption, average surface roughness and frequency of tool vibration) using L27 orthogonal array for turning on ASTM A588 mild steel. Comparison between MOORA-PCA and TOPSIS-PCA shows the effectiveness of MOORA over TOPSIS method. The optimum parameter combination for multi-performance characteristics has been established for ASTM A588 mild steel are spindle speed 160 rpm, depth of cut 0.1 mm and feed rate 0.08 mm/rev. Therefore, this study focuses on the application of the hybrid MCDM approach as a vital selection making tool to deal with multi objective optimization problems.
Introduction
One of the most basic metal cutting operations, turning constitutes the majority of lathe work. In turning cutting tool, single point, rotates parallel to the axis of rotation to expel unwanted material from the rotating surface of a conical work piece or cylindrical. Turning, oldest machine tools, typically carried out on a lathe can be of various natures like straight or taper turning, external grooving, profiling, etc. It can be done on external as well as internal surface of the work-piece. By using different attachments in lathe flat as well as curved surfaces, conical or grooved work-piece can be produced by turning. Therefore, it is very much essential to hike tool life, improve surface structure and accuracy, and reduce power consumption, frequency of tool vibration and cutting force through optimization study. Among these different responses, power consumption, frequency of tool vibration and average surface roughness play important roles in the performance of machined surface. It observed in the literature that among the different turning parameters, spindle speed, depth of cut and feed rate immensely influence the performance measures. To build up the aspect of machined parts within reduced machining cost having consideration for the improvement of machine efficiency, it is necessary that we should select the most appropriate and optimal machining parameters.
To face the difficulties of worldwide competitiveness, manufacturing associations are confronting the concern of choosing most preferred procedures, design of product, machine, equipment and process. It turns out to be more mind startle as they're heaps of preferences in the perspective of contrary criteria. To offer these determination some assistance with processing, many Multi Criterion Decision-Making (MCDM) techniques are presently available. MCDM specifies making decisions on the existence of contrary multiple criteria. It is used as potential tools for analyzing complicated real problems for possible selection of the suitable or best alternatives due to cost effectiveness for all machining processes. Depending on the nature of the solutions different names are given to different MCDM problems because it may not have a unique or conclusive solution.
By using Taguchi method with GRA, Lin (2004) optimized different input criterion like feed rate, cutting depth and cutting speed in turning operations. Influential attribute like cutting force, tool life and surface roughness were taken as performance characteristics in that research. Wang and Lan (2008) examined MRR, ratio of tool wear and surface roughness, to optimize, using grey relational grade, input variables like speed, tool nose run off, cutting depth, feed rate etc. on ECOCA-3807 CNC Lathe for precision turning. Muthukrishnan and Davim (2009) forecast the surface roughness using ANOVA and ANN for different feed rate, cutting speed and depth of cut for Al-SiC (20%) composite bars using the PCD insert in turning operation. Davim et al. (2008) predict surface roughness model for Ra and Rt using ANN for free machining steel turning using L27 orthogonal array for cemented carbide as inserts. They showed that cutting speed and feed rate having a significant effect to reduce surface roughness, whereas depth of cut was least effective. Multiple neural network and linear regression models were developed by Ozel et al. (1997) for forecasting surface roughness in AISI D2 steels finish turning adopting ceramic wiper as inserts. Cutting time, feed rate and cutting speed were treated as input variables for experiment and compared with experimental data. Khan and Maity (2016b) applied MCDM approach Vikor Analysis combined with ANOVA for simultaneous optimization of pure titanium grade 2 in turning. They took depth of cut, cutting speed and feed rate to optimize surface quality, cutting force and MRR. Dey and Chakraborty (2016) studied machinability characteristics of aluminum, steel and copper alloys using grey TOPSIS method and proposed TOPSIS as a suitable method for decision-making problems. Researchers (Khan & Maity, 2016a) proposed MCDM-based TOPSIS method to optimize different modern manufacturing processes by taking previous researcher work.
Despite the fact that, in modern era, considerable multi criterion decision making technique is accessible for differing assessment and selection problems, MOORA is observed to be computationally easy and simple. Gadakh et al. (2013) observed that compare to other MCDM processes MOORA is simple and ease to implement as it associate with less mathematical calculations. They successfully implemented MOORA method for different MCDM problem for various welding processes. Gadakh (2010) carry out MOORA for milling. Khan and Maity (2016c) exhibit MOORA method for different nonconventional processes and shows that it is a robust, easily operational, time saving and simple calculative MCDM technique. For various material selection problems Karande and Chakraborty (2012) used MCDM approach MOORA.
In order to optimize the multiple performance characteristics, MOORA approach was not practiced directly in the current study. Since the contribution of each performance characteristic may not have the same influence in the real life solution. With a specific end goal to find the relative impact of every performance criterion a statistical procedure called principal component analysis (PCA) has been employed to determine the weighting percentage of every performance parameter.
PCA was proposed and defined by Pearson (1901) . Antony (2000) practiced PCA approach for multi criteria optimization of submerged arc welding process. Jean and Wang (2006) have reported that to develop a robust, immense effective, high quality EBM process the use of the Taguchi based experiments coupled with PCA is an uncomplicated, adequate and efficient way. Saha and Mondal (2016b) proposed PCA in combination with GRA for simultaneous optimization of WEDM process parameters for nanostructured hard facing material. Yih-Fong and Fu-Chen (2006) integrates PCA with Taguchi method for multi-objective process optimization in CNC turning of tool steels. Following L18 orthogonal array they investigate eight variables which comprise cutting speed, shape of insert, feed and chip breaker geometry, depth of cut, coating type, coolant, and nose radius. Their main aim was to minimize dimensional precision and surface roughness and also maximizes the accuracy. Ray (2016) proposed GRA with PCA to solve MCDM problem in green electrical discharge machining by developing an analytical structure. They used PCA to find out the weightage of every response which influence the gray relational grades. Saha and Mondal (2016c) practiced PCA coupled with GRA to optimize welding Parameters in MMAW for hard facing material. Majumder et al. (2017) showed hybrid GRA-PCA gives less percentage error compare to traditional GRA, which explains effectiveness of PCA.
Although different optimization and modeling approach has been used for the analysis of the performance characteristics of turning operation, but very few work has been done using hybrid MOORA-PCA. Current learning demonstrates MOORA coupled with PCA for turning to find out a preferable machining parameter combination for ASTM A588. Moreover hybrid MCDM approach namely TOPSIS-PCA was also used to compare the results with the MOORA-PCA.
Experimental Procedure and Test Results

Materials Used
ASTM A588 is a low-alloy and high strength steel, exhibits high strength and strength-to-weight properties having high atmospheric corrosion resistance. This alloy widely used in bridges, construction equipment, heat exchangers, smoke stack liners, transmission towers, etc. mainly in exterior applications where it can develop corrosion resistant orange-brown surface. ASTM A588 mild steel was taken as work-piece material having a diameter of 25 mm. The Chemical composition of ASTM A588 mild steel is shown in Table 1 . 
Experimental details
Experimental lathe setup was used for the experiments (shown in Fig.1 ). In our experiment for turning operation, we used square shaped cemented carbide cutting tool insert. Taguchi's 27 L orthogonal array used to design our experiment with three factors having three different levels. Taguchi method, a robust design method, reduces the sum of experiment, required to find response activity, exceptionally compared to other conventional approaches (Palanikumar, 2006) .Cutting forces measured using Lathe tool dynamometer (shown in Fig.2 ) and cutting tool vibration measured using PicoScope 2202 (shown in Fig. 3 ).Average surface roughness (Ra) of the each machined samples found out using Mar Surf PS1 surface roughness tester. The power to perform machining can be computed from:
where, c P  Cutting power; F  Main cutting force; and V  Cutting speed. In our current investigation important machining parameters like spindle speed, depth of cut and feed rate has been studied. For experimental design Taguchi's 27 L orthogonal array has been practiced followed by conducting the experiments with fixed values of tool nose radius (0.8 mm), motor H.P (3 H.P).The assignment of the levels of the machining parameters taken for the experiments is present in Table 2 . 
Methodology
A multi-criteria decision making model combining with MOORA-PCA and TOPSIS-PCA has been practiced for the optimization of multiple responses. The methodology of the present work is comprised of the following steps:
Multi-objective Optimization on the Basis of Ratio Analysis (MOORA) Method
The MCDM approach MOORA was initially suggested by Brauers and Zavadskas (2006) . Brauers and Zavadskas (2009) proved that MOORA is utterly robust in decision making approaches. The following steps are followed for MCDM approach MOORA.
Step 1: Specify the Problem First step associated with defining the objective and to identify all desirable alternatives and its attributes.
Step 2: Formation of Decision Matrix
After identifying the objectives and alternatives the next step for MOORA is a preparation of decision matrix like other Multi Criterion Decision-Making process. 
where, ij a = Performance measure of the ith alternative on j -
Step 3: Normalised Performance Measures
In the third step decision matrix is normalised to make it dimensionless so that we can compare all its elements. It is important to be mentioned that the criteria whether it is beneficial or non-beneficial does not effect in decision matrix normalization. This normalization procedure followed by Brauers et al. (2008) ratio system which is the square root of the sum of squares of individual alternative per criterion. It can be represented as below: Step 4: Evaluation of Overall Assessment Value After finding out the normalised performance measures these are added together for larger is better or beneficial criterion and subtracted for lower is better or non-beneficial criterion. The following equation helps in the overall assessment of the performance measures:
Usually it has been found that few of the characteristics are more influential than others. So as to give more priority to an attribute, it could be multiplied by its corresponding weight (Karande & Chakraborty, 2012) . In this case Overall Assessment Value becomes:
where, j w known as the weight of jth criterion. Relative weight of each responses was evaluated using PCA.
Step 5: Assign Ranking to Overall Assessment At last, in descending order we sorted the Overall Assessment value. The highest value of i y shows the best alternative whereas the lowest value of i y shows the worst.
Principal Component Analysis (PCA)
The weightage for the individual input criterion is not the same on the output responses as it follows its comparative significance in MCDM approach. So to find out the actual weightage or percentage of each input criterion principal component analysis (PCA) was carried out.
PCA starts with multi-response array having "n" investigations and "m" characteristics. In the present analysis, response parameters are retrieved after the calculation of normalised value yi for figure out the criteria weights. The calculation of correlation coefficient uses the equation given below: (Saha & Mondal, 2016a) cov( ( ), ( )) ( )* ( ) 
where, x  eigenvalues, 
Technique for Order of Preference by Similarity to Ideal Solution (TOPSIS) Method
The MCDM-based approach Technique for Order of Preference by Similarity to Ideal Solution (TOPSIS) was introduced by Hwang and Yoon (2012) . The procedure consists of the following steps:
Step 1: The characteristic experimental numbers or values of alternatives at attributes (ƞij; i = 1, 2… number of experiment (m), j = 1, 2… number of responses (n)) are inputs and placed in matrix form. 
Step 2: In the next step normalised rating is calculated by the vector normalization: Step 3: After calculating the corresponding weightage of each responses using PCA approach the weighted normalised decision matrix has been made. The weighted normalied value ij v is calculated as follows:
where, j w is the weight of the j (Vommi, 2017) .
Step 5: In the next step separation measures is calculated using the m-dimensional Euclidean distance. The separation measures of each alternative from the positive ideal solution and the negative ideal solution, respectively, are as follows: Step 7: At the last step we assign rank to all the relative closeness value after arranging them in descending order.
Results and discussion
Multi-response optimization using MOORA-PCA
The alternatives considered in the current work are spindle speed, depth of cut and feed rate and output attributes are power consumption (C1), average surface roughness (C2) and frequency of tool vibration (C3). All the attributes are the non-beneficial where a lower value is preferable. While solving optimal combination of machining parameters in turning using MOORA method, the data of the decision matrix, as shown in Table 4 , is first transformed into dimensionless values using linear normalization procedure, so that all these criteria can be comparable. Using Eq. (3) the normalized value of each performance measure has been computed as shown in Table 4 .
In further step, the relative weights of each performance characteristics was evaluated (Table 5 and respectively. Finally, using Eq. (5) overall assessment value ( i y ) has been evaluated and displayed in Table 7 . As stated in MOORA method, each assessment value arranged in descending order and then ranking have been assigned. It has been found that experiment no. 16 has the maximum i y value. Thus, an optimum combination of machining parameters for the multi-criteria characteristics should be selected as A1B1C1, namely spindle speed: 160rpm, depth-of-cut: 0.1 mm. and feed rate: 0.08 mm/rev. Fig. 6 shows the overall assessment value graph of each level of the turning parameters. The higher the overall assessment value, the better multiple quality characteristics were. 
Multi-response optimization using TOPSIS-PCA Approach
To convert the MCDM problem into a single response problem, the TOPSIS method is used. The S/N ratios [ƞ (dB)] are calculated to study the quality characteristic of the experiment. Later on the relative weights of each performance characteristics were evaluated using PCA method (Tables 5-6 ). Weighted normalized values for all quality characteristics in each experimental run are determined using Eq. (11). Next, the positive ideal solution (A * ) and negative ideal solutions (A -) were calculated using Eq. (12) and Eq. (13). Finally, Eq. (16) is used to calculate the similarity of the ideal solutions in each scenario (Table 8) . Ranking has been assigned according to TOPSIS method for each assessment value after arranging them in descending order. It was found that experiment no. 14 having the highest relative closeness (RCi * ) value. Thus the optimum combination of process parameters for the multiple quality characteristics should be selected as A2B1C1, namely spindle speed: 240 rpm, depth-of-cut: 0.1 mm. and feed rate: 0.08 mm/rev. 
Comparison between MOORA-PCA and TOPSIS-PCA method
According to MOORA-PCA method, the optimum combination of the input parameters is: A1B1C1 (i.e. spindle speed: 160 rpm, depth of cut: 0.1 mm. and feed rate: 0.08 mm/rev). In TOPSIS-PCA approach, an optimum combination of process parameters should be selected as A2B1C1, namely spindle speed: 240 rpm, depth-of-cut: 0.1 mm. and feed rate: 0.08 mm/rev. The results of MOORA-PCA and TOPSIS-PCA approach are compared and found that the optimal values of power consumption is 7.12 W and frequency of tool vibration is 255 Hz using MOORA-PCA while in TOPSIS-PCA is 8.16 W for power consumption and frequency of tool vibration is 292 Hz. The hybrid MOORA-PCA approach takes the advantages over the other approaches by keeping consistency of judgment due to associated weights easing mutual interactive effect and optimization of machining parameters is based on both subjective and objective factors using PCA. This is easy to create and separates most significant information from the data. Main weak points in TOPSIS method are ranked based on the closeness coefficient values that solves the multi-response problem by establishing the Euclidean distance function which measures the distance from the ideal solution and also methodology fails to relate the machining and performance characteristics. Fig. 7 interprets the inter-relationship amongst operating parameters, Depth of cut and Spindle speed and Overall assessment value keeping Feed rate constant at their mid values. We see from the above figure that Overall assessment value tends to decrease with increase in Depth of cut and Spindle speed. 
Contour Plot of Overall Assessment Value vs. Output Responses
Conclusions
In the present study, the work material made of ASTM A588 mild steel was machined according to Taguchi's L27 orthogonal array. The results were optimized simultaneously using hybrid optimization tool viz. MOORA-PCA and TOPSIS-PCA approach. On the basis of the investigation results, the accompanying conclusions might be drawn:
1. The optimum combination for the hybrid MOORA-PCA approach found as A1B1C1 (i.e. spindle speed: 160 rpm, depth of cut: 0.1 mm. and feed rate: 0.08 mm/rev). Whereas the optimum combination for the hybrid TOPSIS-PCA approach corresponds to A2B1C1 (i.e. spindle speed: 240 rpm, depth of cut: 0.1 mm. and feed rate: 0.08 mm/rev). 2. Comparison between MOORA-PCA and TOPSIS-PCA shows the advantage of MOORA over TOPSIS method in optimizing the output responses in the present experimental environment. 3. Contour graphs of output responses with overall assessment value shows the relation between them. 4. The MOORA coupled with PCA strategy can be considered as a more helpful methodology than different other Multi Criteria Selection approaches because of its capacity to clarify process fluctuation. A weighted estimation of every quality attributes has been proposed, which diminishes the many-sided quality of the choice making methodology. 5. The proposed multi criteria decision making methodology requires very less mathematical calculations and also relatively easier than that of other conventional methods. Hence, it can be practiced in different machining environment where various responses are to be optimized simultaneously.
The results obtained in this work can be used as standards both academic research and industrial applications. However, the effects of input parameters on other important process outputs, such as tool wear, cutting temperature, surface morphology etc. was not investigated. These effects can be analyzed in future works.
